Soybean (Glycine max (L.) Merr.) is produced across a vast swath of North America, with the greatest concentration in the Midwest. Root rot diseases and damping-off are a major concern for production, and the primary causal agents include oomycetes and fungi. In this study, we focused on examination of oomycete species distribution in this soybean production system and how environmental and soil (edaphic) factors correlate with oomycete community composition at early plant growth stages. Using a culture-based approach, 3,418 oomycete isolates were collected from 11 major soybean-producing states and most were identified to genus and species using the internal transcribed spacer region of the ribosomal DNA. Pythium was the predominant genus isolated and investigated in this study. An ecology approach was taken to understand the diversity and distribution of oomycete species across geographical locations of soybean production. Metadata associated with field sample locations were collected using geographical information systems. Operational taxonomic units (OTU) were used in this study to investigate diversity by location, with OTU being defined as isolate sequences with 97% identity to one another. The mean number of OTU ranged from 2.5 to 14 per field at the state level. Most OTU in this study, classified as Pythium clades, were present in each field in every state; however, major differences were observed in the relative abundance of each clade, which resulted in clustering of states in close proximity. Because there was similar community composition (presence or absence) but differences in OTU abundance by state, the ordination analysis did not show strong patterns of aggregation. Incorporation of 37 environmental and edaphic factors using vector-fitting and Mantel tests identified 15 factors that correlate with the community composition in this survey. Further investigation using redundancy analysis identified latitude, longitude, precipitation, and temperature as factors that contribute to the variability observed in community composition. Soil parameters such as clay content and electrical conductivity also affected distribution of oomycete species. The present study suggests that oomycete species composition across geographical locations of soybean production is affected by a combination of environmental and edaphic conditions. This knowledge provides the basis to understand the ecology and distribution of oomycete species, especially those able to cause diseases in soybean, providing cues to develop management strategies. ABSTRACT Soybean (Glycine max (L.) Merr.) is produced across a vast swath of North America, with the greatest concentration in the Midwest. Root rot diseases and damping-off are a major concern for production, and the primary causal agents include oomycetes and fungi. In this study, we focused on examination of oomycete species distribution in this soybean production system and how environmental and soil (edaphic) factors correlate with oomycete community composition at early plant growth stages. Using a culture-based approach, 3,418 oomycete isolates were collected from 11 major soybean-producing states and most were identified to genus and species using the internal transcribed spacer region of the ribosomal DNA. Pythium was the predominant genus isolated and investigated in this study. An ecology approach was taken to understand the diversity and distribution of oomycete species across geographical locations of soybean production. Metadata associated with field sample locations were collected using geographical information systems. Operational taxonomic units (OTU) were used in this study to investigate diversity by location, with OTU being defined as isolate sequences with 97% identity to one another. The mean number of OTU ranged from 2.5 to 14 per field at the state level. Most OTU in
damping-off are a major concern for production, and the primary causal agents include oomycetes and fungi. In this study, we focused on examination of oomycete species distribution in this soybean production system and how environmental and soil (edaphic) factors correlate with oomycete community composition at early plant growth stages. Using a culture-based approach, 3,418 oomycete isolates were collected from 11 major soybean-producing states and most were identified to genus and species using the internal transcribed spacer region of the ribosomal DNA. Pythium was the predominant genus isolated and investigated in this study. An ecology approach was taken to understand the diversity and distribution of oomycete species across geographical locations of soybean production. Metadata associated with field sample locations were collected using geographical information systems. Operational taxonomic units (OTU) were used in this study to investigate diversity by location, with OTU being defined as isolate sequences with 97% identity to one another. The mean number of OTU ranged from 2.5 to 14 per field at the state level. Most OTU in this study, classified as Pythium clades, were present in each field in every state; however, major differences were observed in the relative abundance of each clade, which resulted in clustering of states in close proximity. Because there was similar community composition (presence or absence) but differences in OTU abundance by state, the ordination analysis did not show strong patterns of aggregation. Incorporation of 37 environmental and edaphic factors using vector-fitting and Mantel tests identified 15 factors that correlate with the community composition in this survey. Further investigation using redundancy analysis identified latitude, longitude, precipitation, and temperature as factors that contribute to the variability observed in community composition. Soil parameters such as clay content and electrical conductivity also affected distribution of oomycete species. The present study suggests that oomycete species composition across geographical locations of soybean production is affected by a combination of environmental and edaphic conditions. This knowledge provides the basis to understand the ecology and distribution of oomycete species, especially those able to cause diseases in soybean, providing cues to develop management strategies.
Soybean (Glycine max (L.) Merr.) is a major crop in North America, with a reported 85 million production acres in the United States yielding an estimated value of $40 billion annually (American Soybean Association 2015) . The prevalence of root rot diseases in soybean production in the United States and Ontario, Canada has resulted in increased production costs and reduced yields due to reduced plant stands, which can require replanting of entire fields. Soybean seed and seed treatments constitute 48% of the growers input cost, which represents a total cost of U.S.$7.5 billion dollars annually (American Soybean Association 2015).
Among the most common causes of soybean root rot diseases and damping-off are oomycete species, the most prevalent of which are members of the genera Pythium and Phytophthora (Broders et al. 2007; Dorrance et al. 2003) . However, the extent of the oomycete community composition and species distribution associated with soybean roots are not well known in the United States. Successful disease management relies on a thorough understanding of the pathosystem. In this regard, there is a crucial need to characterize oomycete species distribution, community composition, and the role of biotic and abiotic factors in these communities.
The genus Pythium is typically linked with early-season diseases such as seedling root rot and damping-off, and multiple species have been often implicated (Zhang and Yang 2000; Zhang et al. 1998 ). Phytophthora sojae is also widely recognized as a major soybean pathogen causing root and stem rot (Tyler 2007) . There has been an exponential increase in the reporting of new oomycete species in the last 20 years, as a result of the sequencing of genes, mainly internal transcribed spacer (ITS) of ribosomal DNA (rDNA) and cytochrome oxidase subunit I (Lévesque 2011) . The use of these DNA markers has enabled the identification of new or overlooked causal agents of disease. Using these markers as tools, surveys of oomycete species composition and description of new species allows for a greater understanding of oomycete communities, including identification of pathogens, host ranges, and environmental conditions that influence the composition of species in pathogen communities.
The influence of environment on the diversity and distribution of plant pathogens is not a new concept. However, it is important to consider different approaches such as the use of ecological methods to gain a better understanding of pathosystems for improved disease management. Most of the studies on oomycete diversity have focused on the genus Phytophthora, due to the threat that it represents to natural and agricultural ecosystems (Hansen et al. 2012; Knaus et al. 2015; Nagel et al. 2015; Parke et al. 2014; Scibetta et al. 2012) . Parke et al. (2014) studied the Phytophthora spp. community assembly in a landscape nursery setting to improve disease management by identifying critical points and practices that may increase species abundance of Phytophthora, hence increasing the risk for disease. The diversity of Phytophthora spp. was cataloged in different components of the production system, including irrigation water, potting mix, and the field environment. A critical production point identified was the soil and gravel, which served as the main source for Phytophthora spp., potentially increasing the introduction of pathogenic species into the nursery (Parke et al. 2014 ). This systematic approach provides a good example of the application of community-level analysis in improving disease management. Nelson and Karp (2013) utilized molecular techniques to study the diversity of oomycete species associated with the invasive grass species Phragmites australis (Cav.) Trin. ex Steudel (European common reed) and the related native species. The pathogenicity of these oomycetes isolates was evaluated by Crocker et al. (2015) on the invasive and native grass species. Addressing the interaction of host and oomycete community present in the soil, Crocker et al. (2015) found that Pythium spp. were abundant for both hosts but Pythium spp. associated with soil in locations invaded by Phragmites spp. had increased virulence compared with Pythium spp. isolated from soil surrounding only native species.
There have been recent studies focused on the distribution of oomycete species associated with soybean seedling diseases at an intrastate scale. Oomycete species were obtained by isolation from seedlings or by baiting from soil under controlled conditions. The isolates recovered were further characterized by evaluating for pathogenicity or fungicide resistance, thus providing a regional profile of the oomycete species distribution and their traits (Broders et al. 2007; Jiang et al. 2012; Marchand et al. 2014; ZitnickAnderson and Nelson 2015) . To gain a more global understanding of oomycete diversity and community composition, the effect of abiotic factors must also be taken into consideration, because environmental conditions influence the distribution and abundance of species. It has been previously reported that soil (edaphic) properties such as pH of approximately 6, low calcium concentration (1.515 µg/g), and low cation exchange capacity (CEC) (13.02 meq per 100 g) were associated with species diversity in different Pythium communities in Ohio, resulting in reduced diversity and higher levels of disease incidence (Broders et al. 2009 ). ZitnickAnderson et al. (2014) reported significant models that associated CEC with specific Pythium spp. isolated from soybean fields in North Dakota: Pythium irregulare and P. heterothallicum were associated with increased CEC, while P. kashmirense was associated with decreased CEC. These findings reveal the complexity of the system and the need to implement ecological approaches to understand the distribution and diversity of oomycete species and the prevalence of pathogenic species.
In this study, we present a continental-scale study of oomycetes that infect soybean roots using a culture-based approach to gain insight into large-scale patterns of the diversity of these organisms. To identify environmental and edaphic factors, metadata were obtained from geographic coordinates at each sample site. By incorporating associated environmental data, we analyzed the correlation of temperature, soil chemical and physical properties, precipitation, and latitude, among others, with the oomycete community composition. We hypothesize that oomycetes species distribution is affected by regional edaphic and environmental conditions, and species are more likely to infect soybean plants under specific environmental conditions, such as cold temperatures and high soil moisture. The goals of the present study were to (i) establish community structure of oomycete species associated with soybean seedling diseases across soybeanproducing states in the United States and Ontario, Canada; (ii) explore the influence of different environmental and edaphic factors on oomycete community structure; and (iii) determine the prevalence and distribution of oomycete species responsible for seed and root rot diseases.
MATERIALS AND METHODS
Isolation, culture collection, and DNA extraction. A survey was conducted across 11 U.S. states and Ontario, Canada by the sampling of 64 and 61 fields in 2011 and 2012, respectively ( Supplementary Fig. S1 ). Between four and seven fields were sampled per participating state by collaborators in each of those states, targeting fields with a history of seedling disease or plant stand issues. Collaborators followed a standard sampling procedure, where 50 symptomatic seedlings were collected from a W-shaped transect across each field. In some fields, there were an insufficient number of plants with aboveground symptoms to collect 50 symptomatic plants and, in those cases, seedlings were randomly sampled. Soil samples were taken from some Ontario fields and isolates were baited from soil using soybean seed; therefore, these samples were not included for analyses. Seedlings were transported in coolers and samples were processed within 24 h after collection (Rojas et al. in press) . Plant processing and isolation were done as reported by Rojas et al. (in press ). Briefly, seedlings were washed under running tap water, and 1-cm root sections with characteristic discoloration associated with root infection were cut and placed onto a semiselective medium. In 2011, the semiselective medium was corn meal agar (CMA) amended with PARPB (pentachloronitrobenzene [PCNB] 50 mg/liter, ampicillin 250 mg/liter, rifampicin 10 mg/liter, pimaricin 5 mg/liter, and benomyl 10 mg/liter) (Jeffers 1986 ). Due to the low number of Phytophthora spp. collected in 2011, both CMA-PARPB and V8 medium amended with RPBH (rifampicin 10 mg/liter, PCNB 20 mg/liter, benomyl 10 mg/liter, and hymexazol 20 mg/liter) were used in the second year of the survey in an attempt to improve the recovery of Phytophthora spp. (Dorrance et al. 2008; Jeffers 1986 ).
Culture plates were incubated for 7 days at 20°C and checked daily for hyphal growth and morphology consistent with oomycetes. Single pure cultures were obtained by hyphal tipping and transfer to fresh CMA-PARPB or V8-RPBH medium. Transfer of 5-mm plugs from fresh isolate cultures onto potato carrot agar slants and hemp seed vials were used for long-term storage (Erwin and Ribeiro 1996; van der Plaats-Niterink 1981) . In addition, three to five 5-mm plugs from fresh cultures were placed into 50 ml of a 10% V8 broth amended with ampicillin (100 mg/liter) and incubated for 7 to 10 days at room temperature without agitation. Oomycete mycelia were harvested from broth cultures, lyophilized overnight, and ground for DNA extraction. DNA extraction was achieved by adding 100 mg of ground mycelia and 800 µl of cetyltrimethylammonium bromide lysis buffer into sterile AutoGen tube racks (AutoGen AGPR-S-STAR; AutoGen AG00121; AutoGen Inc., Holliston, MA) and incubated for 1 h at 65°C. A phenolchloroform automated DNA extraction was performed using the AutoGen 850 system (AutoGen Inc.). DNAwas resuspended in 200 µl of Tris-EDTA buffer with incubation on an orbital shaker for 1 h at 65°C, then transferred to 1.5-ml tubes and stored at _ 20°C.
Identification of isolates. Sequences of the ITS 1 and 2 regions of rDNA were obtained by amplification and sequencing with primers ITS6 and ITS4 (Cooke et al. 2000) . The polymerase chain reaction (PCR) mix consisted of 1× DreamTaq buffer, 2 mM MgCl 2 , 0.2 mM dNTP, 0.2 µM ITS6 and 0.2 µM ITS4, bovine serum albumen at 4 µg/ml, 1 U of DreamTaq polymerase (Thermo Scientific, Waltham, MA), and 1 µl of DNA. The thermal cycling program consisted of 95°C for 2 min; 35 cycles of 95°C for 1 min, 55°C for 1 min, and 72°C for 1 min; and a final extension at 72°C for 10 min. Amplicons were purified by adding 5 µl of a mixture of 3 U of exonuclease I and 0.5 U of FastAP thermosensitive alkaline phosphatase (Thermo Scientific), followed by 45 min at 37°C, and enzymes were inactivated by incubation at 85°C for 10 min. Amplicons were Sanger sequenced in both directions and consensus sequences were obtained for downstream analyses. Sequences were deposited in GenBank under accession codes KU208091 to KU211502 (Rojas et al. in press) .
Preprocessing and operational taxonomic unit assignment. The ITS sequences were used to conduct a diversity analysis by grouping the sequences into operational taxonomic units (OTU) using Mothur v1.36 (Schloss et al. 2009 ), as reported on the Mothur batch file (Supplementary File S1). Sequences were preprocessed, eliminating those with homopolymers of 20 bases or longer. Sequences were reduced to unique sequences and aligned to a reference ITS alignment published by Robideau et al. (2011) , allowing for reverse complement to improve and maintain the best match. Sequences were also discarded with an alignment length less than 500 bases. The sequence dataset was further reduced by keeping unique sequences; preclustering was performed to reduce sequencing error, allowing a maximum of three nucleotide differences.
In addition, a preclassification step was conducted using a bootstrap cutoff of 80 of 100 iterations to eliminate OTU outside of the target oomycete taxonomy. Distance was calculated on the resulting sequence dataset using a cutoff of 0.1, followed by clustering using the furthest neighbor algorithm. The resulting OTU were selected based on a distance cutoff of 97% similarity, meaning that all sequences in each OTU were within a 3% distance from other sequences; the OTU designation represents "species-like" designation. In addition, OTU were assigned a taxonomic classification from kingdom to genus, including clades for Pythium and Phytophthora spp., for further analyses and comparisons. A phylotype analysis was conducted using identification based on local blast searches described by Rojas et al. (in press) and using a reference dataset provided by Robideau et al. (2011) . The phylotype designation uses the taxonomic assignments based on the database rather than a similarity threshold to bin the samples into groups. The results were collapsed into a phylotype abundance table with corresponding taxonomy assignment (kingdom to species level) for downstream analyses. For interpretation, it should be noted that it is possible to have multiple OTU per phylotype (species designation) due to sequence variation. Resulting OTU and phylotype tables were exported in BIOM files for analysis in R, version 3.2 (R Core Team 2015, Vienna) using the package "phyloseq" (McMurdie and Holmes 2013).
Community and diversity analysis. Estimates for withingroup or field diversity (a diversity) were calculated using the "vegan" (Oksanen et al. 2013 ) package in R. These included sample size, richness, Shannon-Wiener index, Simpson index, and evenness (Shannon index divided by natural logarithm of total species per sample) and the data were summarized by state. Fields across states were evaluated for correlation with latitude and longitude using a diversity measures and Spearman correlation. In order to evaluate the community structure, OTU tables were constructed and normalized as relative abundance to determine among-group diversity (b diversity) using Bray-Curtis distances to compare communities pairwise. The resulting dissimilarity matrices were used to assess clustering of the communities by state, and to evaluate communities by field using ordination analysis as principal coordinate analysis (PCoA).
Edaphic and environmental parameters of the sampled fields were acquired based on geographic information system coordinates. Fields without this information were not included in this analyses. Soil chemical and physical properties were obtained from the National Resources Conservation Service soil database (https://www.nrcs.usda.gov/). Ambient temperature (maximum, minimum, and mean) and precipitation (maximum, minimum, and mean) for different time ranges, including yearly and planting season (April, May and June), were obtained from the ParameterElevation Regressions on Independent Slopes Model (PRISM) Climate Group (http://www.prism.oregonstate.edu/). Other parameters such as topology and images for land usage were queried from United States Geological Survey (https://www.usgs.gov/) and the United States Department of Agriculture (USDA) National Agricultural Statistics Service (https://nassgeodata.gmu.edu/ CropScape/), respectively. The information obtained was analyzed in conjunction with community structure and diversity data in R using the packages vegan and "MASS". The different environmental and edaphic factors were evaluated for community structure and diversity association by using vector fitting in conjunction with the ordination analysis. Environmental factors were plotted as vectors using the "envfit" function from vegan. The environmental and edaphic parameters were corroborated by use of a Mantel test to confirm the correlation with community composition (Ramette 2007) . Parameters that showed association with community structure were tested for correlation graphically using ordination and Spearman correlation.
In order to corroborate the effect of environmental variables on oomycete community structure, environmental variables were tested using distance-based redundancy analysis (dbRDA) (Legendre and Anderson 1999) . Community data were input as a matrix of BrayCurtis distances and all the explanatory variables were entered into the model and compared with a null model (no explanatory variables) to conduct stepwise selection using the function ordistep() in vegan (Oksanen et al. 2013 ) with 10,000 permutations. The model was further refined using variance factor inflation maintaining values <10. All data and R scripts used in the analyses shown here are deposited on github (https://github.com/Chilverslab/Rojas_Survey_ Phytopath_2016) and citable (Rojas et al. 2016) .
RESULTS
OTU and phylotype richness per field across states. During the 2-year survey, 125 fields were sampled and 3,418 oomycete isolates were recovered. Although fungi were not the focus of this study, 222 fungal isolates were recovered on the oomycete semiselective medium and the majority consisted of members within the phylum Zygomycota, followed by the phyla Basidiomycota and Ascomycota. The sequences that were identified as fungal species were removed prior to downstream analyses. Based on phylotype analysis conducted with a local blast, 3,242 of the oomycete isolates reside in the genus Pythium, with the remaining isolates corresponding to the following genera: Phytophthora = 142 isolates, Phytopythium = 31 isolates, Aphanomyces = 2 isolates, and, finally, Pythiogeton = 1 isolate. In the OTU analysis, 2,380 sequences from 2011 and 1,038 sequences from 2012 were combined and analyzed using a 97% similarity threshold, which resulted in 216 OTU, of which 194 corresponded to Pythium, 13 to Phytopythium, 4 to Phytophthora, 4 to Brevilegnia, and 1 to Aphanomyces; a complete list with species identification is available in Supplementary File S2. The average number of observed OTU ranged from 2.5 to 14 per field across the different states (Table 1) . Arkansas in 2011 had the highest diversity, with an average number of 14 OTU per field, whereas South Dakota in 2011 and Iowa in 2012 had the lowest levels of diversity, with observed OTU of 2.5 and 2.8, respectively. The Shannon-Wiener index calculated per field showed that diversity ranged from 0.8 to 2.3 across the different states, where more than 50% of the fields had values of approximately 1.5 (Table 1) , thus displaying a moderate diversity among fields sampled in the different states. Despite the sampling effort, the recovery of oomycete species in some field and state locations was low, resulting in low species diversity. The Simpson index of diversity favors the dominant or common OTU in the community and uses a scale from 0 (no diversity) to 1. Approximately 60% of the fields sampled were approximately 0.5 to 0.8 and, by state, ranged from 0.3 to 0.9, showing a moderate to high species diversity (Table 1 ). In addition, there were differences in terms of diversity evenness; more than 50% of the sites had an evenness above 0.7, which indicates that a majority of the fields sampled contained close to even distribution of the OTU observed. Community composition at the state level. Using the taxonomy assignment of the OTU, these were grouped to the oomycete clade level across the states and years sampled (Fig. 1) . It was conspicuous that Pythium clades F, B, and I were the most abundant taxa; however, most clades were present to some level in each state. Phytophthora clade 7, which includes Phytophthora sojae, was the most abundant for this genus overall and it was highly abundant in the province of Ontario (Fig. 1) . Ontario was the only region that used a soil baiting method, which resulted in a high number of Phytophthora sojae isolates; and, for that reason, it was excluded from most analyses to avoid confounding results. The among-group diversity (b diversity) that describes the compositional dissimilarity between oomycete communities of states was calculated using the Bray-Curtis dissimilarity index. The resulting matrix was analyzed by cluster analysis and plotted as a dendrogram to determine the diversity relationship of each state to another state ( Fig. 2A ). Geographically adjacent states had similar community structure and, as such, grouped together; for example, Michigan, Indiana, and Illinois grouped together. The analysis did not reveal strong clustering by year of the communities at the state level.
Spatial and temporal effects on community composition at field level. Using diversity per field as response, the effect of latitude and longitude were investigated to corroborate the role of spatial factors on community composition. A significant but weak positive correlation was observed between latitude and diversity (r = 0.258, P value = 0.0164) (Fig. 2B) , with greater diversity at higher latitudes. This correlation was also observed when comparing latitude using the Simpson diversity index (r = 0.239, P value = 0.026) and number of observed OTU (r = 0.189, P value = 0.081), the latter being nonsignificant. In addition, longitude was examined to determine whether a relationship existed with diversity. It was observed that diversity slightly decreased toward the east (Fig. 2C) ; this was a weak correlation (r = _ 0.224, P value = 0.037) when compared with latitude. Using an analysis of similarity (anosim) permutation test, fields were grouped by latitude and evaluated for community similarity. The results demonstrated significant differences between field community composition at different latitudes (R statistic = 0.103, P value =0.001) and more similar composition at similar latitudes. By addressing differences within the field communities in each state using anosim, low differentiation of the communities was found within states, suggesting a similar community composition within state (R statistic = 0.226, P value = 0.001), but there was significant differentiation among states when state was used as a group. In addition, a temporal effect was also evaluated to determine the contribution of year to differences observed across communities at the field level. Using year as a grouping factor to study dissimilarities of the communities resulted in no differentiation between field communities from 2011 and 2012 (R statistic = 0.018, P value = 0.115). In order to corroborate the anosim results and determine the contribution to the variance of the year and state factors using field community composition as a response, a permanova (adonis) test was performed that resulted in significant differences for state and year sampled (Table 2) , where 20% of the community structure variability is explained by state grouping and 1.5% by year grouping.
Abiotic effects on community composition at the field level. Further investigation of the among-group diversity (b diversity) between fields was examined using a PCoA. The first principal coordinate axis explained 12.1% and the second principal coordinate axis accounted for 9.4% of the variability (Fig. 3) . The PCoA analysis did not yield clear distance separation of samples by state or year. By incorporating environmental and edaphic factors, it was possible to address which factors caused this gradient or continuum of communities based on their correlation with the PCoA axes. In total, 37 different environmental and edaphic factors were tested using the envfit function, which fits environmental vectors into the PCoA ordination plot, which resulted in 24 factors correlated with the ordination (Supplementary Table S1 ). Temperature and precipitation were among the main environmental factors associated with oomycete community structure using different scales such as seasonal parameters, annual averages, or 30-year averages (Table 3) . Apart from temperature and precipitation, soil factors of density, water-holding capacity, pH, and CEC were also significant factors. Latitude, longitude, and precipitation showed the most significant correlation of the evaluated factors related to oomycete community structure (Table 3) .
Factors significant for envfit analysis were also tested using the Mantel test to corroborate results obtained with the vector-fitting analysis. Most factors were significant for both tests, with the exception of soil bulk density, soil pH, or annual minimum temperature (Table 3) . The correlations for significant environmental and edaphic parameters were not above 0.16; however, many factors were found to be correlated and contribute to the community composition. Environmental parameters such as temperature and precipitation at different time scales, and edaphic factors such as clay content, CEC, and soil water content, were among the most correlated factors. These correlations were further evaluated using the correlated PCoA axis with the respective linked factor. Factors with long vectors were examined, including seasonal precipitation, seasonal minimum temperature, clay content (percent), and soil bulk density (Fig. 4) . Seasonal precipitation and minimum seasonal temperature were evaluated against community composition similarity represented by the correlated PCoA axis. Additionally, samples were visualized with color by latitude. Both seasonal minimum temperature and seasonal precipitation (April to June) showed a negative correlation, indicating that community composition similarity was higher at locations with low precipitation and low temperature average seasonal values (precipitation: r = _ 0.375; minimum temperature for the season: r = _ 0.316).
In regards to latitude and longitude, fields sampled in this study at higher latitudes and located to the west of the sampling area received a lower amount of precipitation and recorded lower temperatures, which affected the community composition. In contrast, samples collected from lower latitudes and to the east received a higher amount of precipitation and experienced higher temperatures, causing a distinct community composition (Fig. 4A  and B) . The edaphic factors also had an effect on community composition across the samples collected. Clay content and soil bulk density were factors that showed a gradient among the community composition (clay content: r = _ 0.314; bulk density: r = 0.308). In addition, data points were shaded based on water content and related to the two parameters analyzed, clay content and bulk density ( Fig. 4C and D) . In this case, clay content had a negative correlation with community similarity, where community composition differs along the gradient of soil clay content. Soils with high clay content are different in community structure from soils that have a low clay content, and these differences correlated with water content (Fig. 4C ). Soil bulk density had a positive correlation with relatedness among communities, meaning that soils with lower bulk density had communities more similar to each other than communities from high versus low bulk density soils; whereas, soils with a higher density tended to have a reduced water content, resulting in a community composition that was more variable, with larger distances between communities (Fig. 4D) .
Redundancy analysis on community composition at the field level. By using distance based redundancy analysis (dbRDA), a model selection was conducted by reducing the number of environmental and edaphic variables. The environmental and edaphic variables were redundant and resulted in multicollinearity; thus, using a stepwise variable selection, most variables were rejected. The selection of the variables was retested using variance inflation factors to adjust the model. The selected variables were latitude, longitude, precipitation, and temperature during the season; Fig. 2 . Oomycete community structure of species recovered from soybean seedling evaluated by A, cluster analysis based on Bray-Curtis distance by state surveyed. Dendrogram was constructed using hierarchical clustering with complete linkage; B, diversity of oomycete communities expressed as Shannon index across the latitudes of the fields sampled; C, diversity of oomycete communities expressed as Shannon index across longitudes of the fields sampled. and clay and electrical conductivity (EC). The variables overlapped the variables obtained in the vector-fitting analysis on the PCoA and Mantel test, with the exception of EC (Table 4 ). The final model resulted in 13% of the variability explained by the environmental variables. The highest contributions to variance were latitude (4.76%), longitude (3.07%), and seasonal precipitation (2.47%), which also contributed the most in the vector fit and Mantel test approach.
Relative abundance and distribution of the top pathogenic species. The abundance of the top eight most frequent pathogenic species was examined by state and it was evident that there were dominant species across multiple state regions. For instance, Pythium sylvaticum was dominant in Michigan, Illinois, and Indiana, whereas states further north were dominated by P. heterothallicum (Fig. 5) . These northern states were also dominated by P. ultimum var. ultimum. States toward the south were dominated by P. irregulare but the Arkansas community was also dominated by P. sylvaticum. Nebraska, Iowa, and South Dakota communities also contained a considerable percentage of P. oopapillum isolates (Fig. 5) . To address the trends of individual pathogenic species, abundance of each species was examined in the context of the environmental and edaphic factors previously identified as drivers of community composition (Supplementary Fig. S3 ). As found in previous studies, some of these parameters could have an effect on their abundance. For instance, P. sylvaticum abundance, represented as log-transformed counts of isolates per field, was low with high values of soil pH, CEC, and percent clay content, while its abundance increased with precipitation and temperature (approximately 150 mm and 12°C). Conversely P. heterothallicum abundance increased with increasing pH, percent clay content, and CEC, while the abundance declined with decreasing values of temperature and precipitation.
DISCUSSION
This study is one of a few that has been conducted to examine oomycete diversity and community composition in an agricultural system at a continental scale. In total, 3,418 oomycete isolates were collected from soybean seedling roots in 125 soybean fields (Rojas et al. in press) . The ITS rDNA sequences were analyzed using two approaches: OTU at 97% similarity and phylotype at the species level. The OTU approach resulted in 216 OTU, where OTU represent species-like designation; however, intraspecific ITS variability in some species complexes could be higher than the designated species threshold (Schroeder et al. 2013) . Therefore, OTU could represent similar species. In the phylotype approach, sequences are assigned based on taxonomy to a local curated database and binned using taxonomic designation. Despite the high number of OTU (n = 216) relative to phylotypes (n = 84), a similar community composition was observed when compared at the clade level. Both OTU and phylotype analyses have different advantages and disadvantages (Schloss and Westcott 2011) . Phylotype is limited by the database, whereas OTU analysis does not require a taxonomic delimitation to bin sequences into groups. OTU were used in this study to obtain the best resolution to investigate the ecological diversity of oomycetes associated with soybean. Diversity analysis showed that most fields displayed a moderate to high diversity, showing up to 14 OTU, on average, per field. Species abundance varied across the 2 years sampled, which was more conspicuous when looking at OTU grouped at the clade level. In general, most fields had a high evenness, which refers to how evenly represented the different OTU were in each field sampled. The expanse of the survey showed that, at this plant stage, Pythium spp. are widely present on symptomatic seedlings in fields across the predominant soybean production area of North America. The survey revealed that Pythium clades F, B, I, and J were dominant in most states and contributed to at least 50% of the community composition. These clades also contain most of the plant-pathogenic species (Lévesque and De Cock 2004) . The remaining percent of the communities were partitioned into the Pythium clades A, D, E, and G; Phytophthora clades 6, 7, and 8; and the genera Phytopythium, Aphanomyces, and Pythiogeton. This study corroborates state-level studies that found Pythium spp. abundantly present in soybean fields (Ellis et al. 2012; Murillo-Williams and Pedersen 2008; Rizvi and Yang 1996; Zitnick-Anderson and Nelson 2015) . The composition of the communities associated with soybean seedlings was significantly different by state but states geographically close in proximity exhibited similarity based on clustering. This finding suggests an effect of geographical location on oomycete community composition. Therefore, field community diversity was evaluated as response to latitude and longitude. A diversity gradient was observed by latitude, with diversity increasing as latitude increased, but the linear model did not find a significant correlation for longitude. The result was also supported by the use of anosim, a distribution-free method of multivariate analysis, with the anosim test finding a significant effect by latitude (R statistic = 0.103, P value = 0.001) but not longitude (R statistic = 0.040, P value = 0.099). The present study is limited to regions where soybean crops are grown; however, this spatial effect is concordant with other systems, especially in fungal groups (Tedersoo et al. 2014) . Ectomycorrhizal fungi reached the highest diversity at midlatitudes of 40 to 60°, whereas other fungal groups such as Ascomycota peaked at latitudes associated with tropical regions. It has been suggested that oomycetes may have a higher diversity in tropical areas; however, this is based on the description of new genera in these areas (Nigrelli and Thines 2013) and requires additional investigation.
The effect of spatial distribution on the differentiation of field communities among states was further evaluated using the permanova (adonis) analysis, which is a nonparametric method to determine sample grouping. The differences among community composition resulted in 20% of the variability explained by state. With respect to temporal variation or the effect of season on community composition, only 1.5% of variability was explained by year in the permanova test, despite environmental conditions that varied between 2011 and 2012, and the use of two semiselective medium in 2012. The anosim resulted in nonsignificant differences between the years. However, looking at composition by year and state explained 11.1% of the variability, suggesting that community composition is affected at a regional scale across the seasons sampled rather than by sampling year. These results suggest that there is a spatial component that contributes to community composition, which is stronger than a seasonal sampling component.
The ordination method of PCoA, which uses differences amongfield communities (b diversity), revealed that 12 and 9.4% variability is explained not by the presence of different OTU but from the differences in abundance between states and years, respectively. Environmental and edaphic factors were explored to determine the effect on community composition. Of 34 environmental and edaphic parameters tested, 15 showed significant correlations with the among-group oomycete diversity at the field level. A vector-fitting approach and Mantel test were conducted to confirm those factors that could explain the variance across community composition. Of the environmental parameters evaluated, temperature and precipitation were correlated with community composition. With respect to edaphic factors, soil bulk density, clay content, pH, and CEC were factors that also correlated with community composition. As expected, multiple factors contributed to explain the variability of community composition across fields. These contributions were small but significant, which is common in ecology studies because many variables may contribute to the abundance and distribution of species. A further delimitation of the environmental and edaphic variables as predictors of community composition was done using redundancy analyses. The goal was to systematically reduce the variables, reducing collinear factors that explain the community observed and also the contribution of each factor. This method resulted in corroboration of parameters previously detected by vector-fitting and Mantel tests, resulting in latitude, longitude, seasonal temperature, seasonal precipitation, and clay content as variables that explained the variance observed in community composition. This supports the idea of geographical location and local environment playing a role in the oomycete community composition. The environmental and edaphic factors identified in this study relate to the biology and ecology of these organisms; for example, moisture as affected by precipitation and soil water-holding properties is a requirement for oospore germination, sporangia formation, and zoospore motility (Martin and Loper 1999) . In addition, nutrient availability, like ions, has been demonstrated to have differential effects on particular Pythium spp. For example, chlorine availability can decrease inoculum density of P. ultimum while promoting soil colonization by P. oligandrum (Martin and Hancock 1986) . Among the different edaphic factors evaluated, EC, CEC, and soil pH were associated with the oomycete community present. For instance, P. heterothallicum increased in abundance at approximately pH 7 to 8 and a CEC of 30 to 40 meq per 100 g, whereas P. sylvaticum abundance decreased under the same conditions (Fig. 5) . It suggests that high values of CEC are correlated with high diversity, because some dominant species will decrease their propagule density, favoring other species (Broders et al. 2009; Martin and Loper 1999) .
Another factor to consider is the temporal component of sampling, because some species might become active under different environmental conditions or plant stages. Surprisingly, Phytophthora spp. were recovered in low abundance despite the use of a semiselective medium in 2012 that contained hymexazol. Hymexazol is added to semiselective medium to reduce Pythium spp. recovery while increasing Phytophthora spp. recovery (Jeffers 1986; Tsao and Guy 1977) . Phytophthora sojae, recognized as an aggressive pathogen of soybean, was found in 8 of 11 states surveyed but was recovered at low frequencies. The low abundance of Phytophthora sojae was somewhat surprising because it was found to be widely present in fields across the United States in a survey which utilized a baiting method from soil samples (Dorrance et al. 2016) , and in samples from Ontario in the present study, which also used a baiting method. Therefore, it suggests that this species might have a low propagule density in the soil, and these only become active under specific conditions such as soil saturation for extended periods of time. The microbial seed bank present in the soil is not represented in the current study; rather, it is a subsample of the active community at the time of sampling. It has been widely discussed how dormant spores and other long-term survival structures are present in the soil and germinate under specific conditions such as soil saturation or cool or warm temperature, depending on the species, or when biologically important elements, including plant exudates and volatiles, are present (Lennon and Jones 2011) .
Previous studies have demonstrated that, despite the abundance of Pythium spp. in natural systems, the community structure of this genus and other oomycetes can be affected by biotic and abiotic factors (Arcate et al. 2006; Coffua et al. 2016; Nelson and Karp 2013) . Overall, we found evidence that spatial effects contribute mainly to community composition at the field level across different states; however, the autocorrelation of spatial effects with environmental data can also contribute to community composition. In fact, temperature and precipitation were also designated as variables that contributed to explain the variance observed across field community composition. Therefore, local conditions seem to correlate with the community composition at each field within each state, where precipitation and temperature at planting will determine the species actively germinating and infecting soybean seedlings. It is important to clarify that the variables correlated in the present study predict 16% of the variability, which means that there are more parameters involved affecting the community structure of oomycetes in soybean fields. These factors could include sampling stochasticity and ecological stochasticity in community composition, seed treatments, host genetics, and even agricultural practices; hence, some species could be promoted by particular conditions at the field scale. In addition, community composition at the state scale was also affected by fluctuation from year to year. For instance, 2011 had more frequent precipitation with mild temperatures, whereas 2012 had dry conditions and higher temperatures at the state level ( Supplementary Fig. S2 ). These fluctuations were not evident at a continental scale between seasons but, rather, at the state level between seasons, as evaluated with anosim and adonis. The regional climate from year to year could promote or suppress the germination and proliferation of different oomycete species, affecting the geographical niches. For example, it was noted that Pythium oopapillum was abundant under the high precipitation and cool temperatures experienced at the start of the 2011 growing season but was far less abundant in the warmer, drier season of 2012. The effect of temperature on virulence and possible abundance of this species was reflected in a seed rot assay, where P. oopapillum was far more virulent at 13 than at 20°C (Rojas et al. in press) .
Changes in agricultural practices over the last few decades such as reduced rotations, early planting, and minimum-or no-till coupled with changes in precipitation have promoted conditions that favor oomycete seedling disease (Koenning and Wrather 2010; Melillo et al. 2014; Workneh et al. 1999; Wrather and Koenning 2009) . To this end, the primary goal of this research was to use an ecology approach to address the diversity of oomycetes associated with soybean seedling diseases and characterize the effect of environment and edaphic factors on their distribution and abundance. The results indicate that communities were dominated by Pythium clades F, B, and I, which contain a large percentage of the plant-pathogenic species (Lévesque and De Cock 2004) . The differences in abundance of the OTU across different states were correlated initially with a spatial effect, dictated mainly by latitude and in lower contribution by longitude. As a result of this, environmental factors intrinsically related to geographical location such as temperature and precipitation contributed to oomycete community composition at the field scale. These conditions demonstrated an effect on the abundance of the top pathogenic species, suggesting an effect on the overall community composition and assembly at each field. This information provides a basis to understand the composition of oomycete communities in soybean fields; however, further research is needed to characterize other factors that contribute to the community assembly, including agricultural practices. It will be necessary to conduct controlled experiments to refine the effect of these environmental conditions on the community and the species at the field scale. Current efforts are underway to use amplicon-based community analysis to characterize the communities present in the soil of these fields. The use of amplicon and metagenomics approaches will allow for additional understanding of the diversity of the microbial seed bank present and the ecology of these ecosystems (Coffua et al. 2016; Lindahl et al. 2013; Sapkota and Nicolaisen 2015; Song et al. 2015) . The information provided on community composition will help us develop models to reduce and manage the abundance of species as related to disease on soybean and possibly other crops. Future studies should address the influence of cultivar genotype, crop rotation, management inputs, soil fertility practices, and tillage practices on oomycete communities and root diseases. 
